Income and hours worked are insufficient to measure job quality yet these domains dominate literature aimed at understanding its relationship with wellbeing. More so, literature considering job quality in any manner has an overwhelming tendency to look at advanced economies, despite "decent work" being a key policy aim of many agencies and organisations working in emerging countries. This article tests the validity of the concept of job quality as a determinant of welfare in the developing world by generating four sixcomponent indices of job quality using bespoke and unique data collected in Kyrgyzstan. Cross-sectional analysis of the performance of these indices against ones comprising only income and hours worked show no relationship between job quality and wellbeing in the latter case but a strong and positive relationship in the former. Jointly, this shows both the importance of more suitably measuring job quality in all contexts and the importance of policy aims that aim to stimulate better, as well as more, jobs in the developing world.
Introduction
The typical model of labour market supply defines utility as a trade-off between consumption and leisure time, such that = ( , ). The impact of work on wellbeing in these models, therefore, boils down to income (which drives consumption) and leisure time (which is enjoyable but comes at the price of foregone consumption). Recent work (A. Clark 2010; A. E. Clark 2005; Davoine and Erhel 2006) argues that these two domains, alone, are insufficient to measure job quality. It follows, therefore, that they are also insufficient to measure the relationship between work and wellbeing. Despite this observation, scholarship has tended to focus on measuring job quality (Boccuzzo and Gianecchini 2015; Dahl et al. 2009 ; Leschke et al. 2008; Munõz de Bustillo et al. 2011; Schokkaert et al. 2009 ) instead of on its implications for welfare. This knowledge gap is particularly stark in developing and transition countries, which are rarely studied in any type of job quality analysis and are entirely missing from those using broader definitions of the concept (Goos and Manning 2007; Houseman 1995; Yogo 2011) . As well as implying an important academic knowledge gap, the creation of "decent jobs" (as well as "more jobs") is a key aim of multiple development agencies and international organisations (Ritter and Anker 2002; World Bank 2012) suggesting a subsequent policy gap.
In this article, we test the relevance of the concept in developing countries by developing a series of differently weighted indices of job quality from bespoke and unique data collected in Kyrgyzstan. Subsequently, we test the performance of these indices against sub-indices comprised of hours worked and income. Using cross-sectional OLS and ordered probits we show no significant relationship between the sub-indices and self-reported wellbeing. For the full indices we find a positive and significant relationship such that higher job quality is associated with greater subjective wellbeing.
These results are of general interest as they show the limitations that can arise when analyses of job quality are based only on simple indicators of income and hours worked. These findings are relevant to studies focussing on the developed, as well as the developing world lending support to the notion that suitable definition and measurement of job quality is required. They also make an important contribution to the development and transition economics literatures as they show that job quality is just as important a component of welfare in these economies as in advanced ones. Finally, we also make a major contribution to the so-called "happiness literature), which hitherto as failed to measure the impact of job quality through anything other than single domains (Cummins 2000; Ed Diener and BiswasDiener 2002; Edward Diener and Oishi 2000; Ferrer-i-Carbonell 2005; McBride 2001; Meier and Stutzer 2006; Schoon et al. 2005; Wooden et al. 2009 ).
The rest of this article is structured as follows: in Section 2, we discuss our data and methods; in Section 3 our results; and in Section 4, our conclusions.
Data and Methods
All data used in this study comes from the fourth wave of the Life in Kyrgyzstan Study (LiK) (Brück et al. 2014) , which includes a significantly enhanced jobs module, which was inserted, in part, at the request of the authors.
1 From the survey we generate a sample of n = 2,469 individuals who are engaged in work for monetary remuneration, either as wageworkers or self-employed. We show summary statistics for these individuals in Table 1 , splitting by wager workers and the self-employed. In our sample, wageworkers are younger than the self-employed, are more likely to be women (although the workforce as a whole is mostly men) and are more likely to be of Kyrgyz ethnicity. Wageworkers are more likely to live in urban areas and display a higher level of risk aversion (Cramer et al. 2002; Ekelund et al. 2005) . Finally, wageworkers exhibit higher job satisfaction but lower wellbeing. For each individual, we generate four indices of job quality that build on Clarke (2005, 2010) . In addition to the five domains suggested by Clarke (income; hours worked; job security; interestingness of work; and autonomy) we add job formality in order to account for one of the major contextual differences in the labour markets between developed and developing economies (Yamada 1996) . We proxy job formality for wageworkers by presence of a written contract or "workbook" 2 and for the self-employed by whether or not their business is registered. Following the literature (Addison and Grosso 1996; Baum-Snow and Neal 2009; Edmonds and Pavcnik 2005; Farber 1998 Farber , 1999 Leete and Schor 1994; Presser 1999) , hours worked is derived as standard from time spent working in the previous week and job security from the time a person has held his or her current position. Questions on income, interestingness of work and job autonomy are asked directly in the survey. In addition to these questions, the survey also asks individuals how important each feature is in determining a "good job".
3 Following Decancq and Lugo (2013), we index these six domains as follows: = 1 ( 1 . ) + 2 ( 2 . ) + 3 ( 3 . ) + 4 ( 4 . ) + 5 ( 5 . ) + 6 ( 6 . )
where: is the weight of each domain; is the normalisation identifier; identifies the individual; and Y, H, S, F, I, and A respectively refer to: income, hours worked, security, formality, interestingness and autonomy. Thus, a quality of a person's job is a function of the weights and normalisations of our six domains of interest. It follows that any arbitrary change in the weights, or the construction of the weights themselves, could have significant impacts on the measure of job quality and its associated impact on wellbeing. This matches longstanding critiques of the impact of weighting (Boccuzzo and Gianecchini 2015; Schokkaert et al. 2009 ). We explore this possibility by producing four alternative versions of our index, each using a different weighting mechanism, which we normalise to a hypothetical maximum of one to ensure comparability across the indices.
First, we take the most common and easiest mechanism used in the literature (Decancq and Lugo 2013) and assume that each domain is equally important. As such, the weight of each domain is set equal to that of the others. As we have six domains and normalise to one, each domain is then weighting with the value of 0.167. We denote this Index 1. For Indices 2, 3 and 4, we make sue of the questions asking how important different features of a job are in determining whether or not it is "good". In Index 2, we generate the weights based on the relative proportion of people who indicated that a given indicator was "somewhat important" (4 on the Likert scale) or "absolutely essential" by garnering the percentage of respondents who answer "4" or "5" and normalising these percentages to 1. Thus, the relatively greater the number of individuals who think a domain is important, the heavier the weighting it is given. Index 3 works on a similar principle but aims to be slightly more nuanced by accounting for the full distribution of responses. Thus, we sum preference over all responses before normalising as before.
Noting that Indices 1-3 impose preference dominance 4 we develop a fourth that makes use of variation in perceptions about which features are important for a good job at the individual level to generate a "subjectively weighted index". This approach allows two individuals with the same observable job attributes to have a different level of job quality due to the configuration of his or her perceptions on what constitutes a good job. Normalising these heterogeneous weights, however, is more complicated as it is not logically consistent for every individual's weights to sum to 1. 5 We therefore define a hypothetical maximum of 1 that all weights could add up to, with each domain having a potential weight of 0.167. As perceptions are garnered on a Likert scale of 1-5, each marginal decrease in the reported importance of a domain corresponds with a reduction in this potential weight of 0.033. 6 We normalise each of our six indicators onto the interval ∈ [−1, 1], as they are otherwise incomparable in scale and units. We choose the interval ∈ [−1, 1] as it is the only style of interval that remains logically consistent with the weighting mechanism of Index 4. Index 4 requires that an individual who believes that income is an essential component of a good job but who has an incredibly low income is worse off than an individual with the same income 4 Preference dominance occurs when weights are equal for all individuals in a society, thus implying that the preferences of some (hypothetical) individual whose real preferences match these weights dominates the preferences of everyone in society who does not share those preferences. 5 Ceteris paribus, this implies that someone who thinks all six domains are "not at all important" would have the same job quality as someone who thinks all six domains are "absolutely essential". 6 Another approach used in the literature is to regress each domain of interest on self-reported job satisfaction and to generate weights based on the relative explanatory power of each (Kalleberg et al. 2000) . We generate this fifth index, the results from which do not deviate from those presented in this article. As none of our domains of interest is a statistically significant determinant of job satisfaction in these regressions, however, concerns arise about the usefulness and accuracy of the approach. As such, we do not to present this approach. Results are available from the authors. 5 but who does not think income is important at all. At the other end of this scale an individual with a very high income and who thinks income is essential should be better off than one with a high income who thinks it is unimportant. Although the latter of these restrictions holds in other identification methods, such as on an interval ∈ [0, 1], it does not for the bottom end. We discuss how we implement this normalisation for each domain below:
Identifying Income:
Our distribution of income runs from 0 to 80,000 Soms/month, with a mean of 8,669 Soms/month. While we can safely assume, ceteris paribus, that higher income should be 'better', it is unclear whether or not an individual an income twice the mean is doubly better off as one with a mean income. To avoid strong statements on marginal effects, we take deciles of income from the distribution and map them, at even spaces, onto the interval with the top income decile having a value of 1 and the lowest a value of -1.
Identifying Hours Worked:
Underemployment is likely as indicative of a "bad job" than overwork. Thus, we look at the deviation of hours worked from some optimal, which we take to be the monthly mean of hours worked across the sample.
7 Thus, an individual who works the monthly mean number of hours takes an outcome of 1. All individuals who work two standard deviations more or less than this mean take a value of -1. The remainder are distributed across the interval, based on their exact hours worked.
Identifying Job Security:
As with income, whilst we assume that a longer tenure is associated with higher job quality but wish to avoid making strong statements at the margin. Accordingly, we split the duration of employment into deciles, with each decile spaced evenly across the interval.
Identifying Job Formality:
Both questions that constitute our indicator of job formality are binary variables, taking the value of 1 if a person's position is formal and 0 if not. We simply transpose these outcomes onto the extremes of the interval, taking a value of -1 if a job is informal and 1 if it is formal.
Identifying Interestingness of a Job
Interestingness of a job is reported directly on a Likert scale going from 1 ("uninteresting") to 3 ("very interesting"), which we space at equal intervals across the interval.
6

Identifying Job Autonomy
Autonomy is, again, asked directly but is reported on a Likert scale running from 1 ("no autonomy") to 4 ("high autonomy"). These responses are spaced at even intervals across the interval.
In a final stage, to ensure manageability of the coefficients, each index is then transposed onto the interval ∈ [0, 100]. Summary statistics and group comparisons are shown in Table 2 . Across all indices, wageworkers have significantly better jobs than the selfemployed but in general, job quality is in the medium range. We show the distribution of Indices 1 and 4 in Figure 1 . 9 We repeat each step using corresponding weighting mechanisms for indices comprised only of hours worked and income. We match each index from self-reported wellbeing, derived from a question that asks, "How satisfied are you with your life, all things considered?" Responses are given on a 11-point Likert scale running from 0 ("completely dissatisfied") to 10 ("completed satisfied"). We show the distribution of this variable in Figure 2 . We control for robust determinants of subjective wellbeing (see: Dolan et al., 2008 , for a review), including: age, gender and ethnicity; educational background; participation in religious or community groups; health; regional controls; and personality and attitudes to risk and other circumstances. We define all included controls in Table A1 .
Previous research shows the suitability of the LiK data for the research of subjective wellbeing (Bertram-Hümmer and Baliki 2015) . The use of self-reported wellbeing is not uncontroversial (Andrews and McKennell 1980; Pavot and Diener 1993) as a number of features of an individual's psyche may influence the response. Should these traits also correlate with those that affect labour market performance (Borghans et al. 2008; Brunello and Schlotter 2011; Groves 2005; Heckman et al. 2006 ) biases may arise in OLS models. To overcome this, we include two sets of personality controls. The first are "attitudinal" indicators, comprising risk profiles and response to circumstances. The second uses data reduction techniques on a 21-question personality test. 10 9 Noting that some of these indicators may inherently be "worse" for young people, we generate an age-weighted version of each index. These indices multiply the final index by the inverse of age. Thus, ceteris paribus, the younger of two people with the same preferences and job features are better off in this index. 10 To generate these variables, we conduct a factor analysis on the full set of 21 questions, and focus on the factors that explain most of the variation. In this particular case, we include each factor that explains more than 10% of the variation. In the second step, we include in the regressions the question that is most highly correlated with each of these factors.
Figure 2: Histogram showing the distribution of subjective wellbeing
In combination, these variables overcome typical sources of bias, particularly because subjective wellbeing does not influence job quality directly. In turn, this suggests that OLS and probit modelling are sufficient. We thus estimate:
where; is subjective wellbeing for individual ; is job quality for individual measured by index ;
is an (ℎ × 1) vector of ℎ control variables; is an ( × 1) vector of personality controls; is a regional fixed effect for location ; is an idiosyncratic error term; and , , and are vectors of regression coefficients.
As is implicitly ordinal, we repeat the analysis using ordered probits. We thus implement:
where; * is a latent variable measuring individual 's self-reported welfare; and the other components of Equation (3) are as previously described. For any given individual, it is likely that a high level of job quality will translate into a high level of welfare and that low job quality will translate into low welfare. Therefore, the observed and coded discrete subjective wellbeing, * is determined from the model as follows:
Results
Results are presented in Tables 3 and 4 for the OLS analyses and in Tables 4 and 6 for the ordered probits. Results from the sub-indices of hours worked and income are shown in Tables 3 and 5 and for the full indices in Tables 4 and 6 . Each table comprises four columns, with each corresponding to the weighting mechanisms in Footnote 4. As can be seen in Tables 3-6 , the sub-indices are a statistically insignificant correlate of subjective wellbeing, yet all four versions of the full index are a positive and significant determinant. Thus, whilst we show that higher job quality increases subjective wellbeing, sub-indices are insufficient to explain this relationship. This jointly reinforces the need for more sophisticated measures of job quality in all scenarios and the importance of incorporating such measures into welfare analyses. That these findings are derived in a developing and transition scenario, however, is also important as it confirms the need for "decent jobs" as well as employment, more generally, in these countries. Table 3 shows that a 1% increase in job quality corresponds to an increase of approximately 0.007% in life satisfaction. Although superficially this marginal effect appears to be small, an average individual who moves from the bottom of the first quintile of Index 1 to the top of the second quintile will see his or her life satisfaction increase by about 0.2 points, all other things considered. Given the tight distribution of subjective wellbeing as shown in Figure 2 , such an increase is not necessarily insubstantial. Similarly, an individual who reports the highest possible subjective wellbeing and whose Index 4 value exogenously declines by two standard deviations can expect a reduction in life satisfaction of three quarters of a point. Full results from these analyses can be seen in Tables A2-A5 . In all regressions, we robustly find age is negative correlated with subjective wellbeing in Kyrgyzstan but that age squared is positive, implying that whilst older people in Kyrgyzstan have poorer subjective wellbeing than younger people that this effect get smaller. Those with higher education, alternatively, are also those with higher wellbeing, whilst we find that wageworkers display lower subjective wellbeing than the self-employed. We find that personality features are correlated with subjective wellbeing. Particularly the variable "personality1", which measures individuals' self-reported ingenuity. Those with low risk aversion exhibit higher wellbeing as do those who report that they adapt well to changing circumstances. Finally, we find significant evidence that wellbeing is linked to the oblast in which an individual is resident.
Results are robust across all four weighting regimes and both econometric specifications. In addition, they are also robust to the inclusion or exclusion of groups of control variables and to the alternate indices that allow job quality to vary by age. 
Conclusion
Despite a long line of literature focussing on how to measure job quality, little has been studied about the impacts of these wider measures on wellbeing. Although the absence of such research questions is general to the literature, the problem is particularly stark in the developing world. Consequently, general questions remain. These include whether or not sub-indices of job quality are sufficient to measure the relationship between work and wellbeing; whether or not the idea of job quality is relevant in the developing world at all; and whether or not current measurement methodologies apply there. In this article, we overcome these issues by setting our analysis in Kyrgyzstan, a post-Soviet lower middle income country, and by developing two competing indices of job quality: a broad index and one based only on hours worked and income.
We show that hours worked and income, alone, is insufficient to derive a relationship between job quality and welfare but that the full indices exhibit a positive and significant relationship. These results provide important information on measuring job quality in labour markets generally and for those in the developing world specifically, implying further need to develop broader job quality measures in all contexts. We also show that job quality is just as important in developing contexts as they are in advanced economies, adding credence to interventions focussed on "decent jobs". As such outcomes are dependent on the mechanism used to define job quality, however, the potential impact of poorly defined or conceptualised measures of job quality should not be underestimated. 
